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(57) ABSTRACT

Techniques for performing centralized unsuperivised learn-
ing 1n a multi-domain system are described. A user may
request labeled data for an ML task, where the request
includes a prompt for obtaining relevant explicit user feed-
back. The system may use the prompt to collect explicit user
teedback for relevant runtime user inputs. After a duration of
time (in the user’s request for labeled data) has elapsed, the
system determines whether collected user feedback indi-
cates processing ol the user mput was defective and, 11 so,
determines a cause of the defective processing. The system
then uses one or more label generators to generate labeled
data using the collected user feedback, whether the process-
ing was defective, and the determined defect cause.

20 Claims, 9 Drawing Sheets

System

Device / 00
115

14

L.abeled

13 Manual Annotation <

pefect Attribution

144

135

Signais
Storage

Data
Storage
155

160

11

10 Label Generator | | |
150a

12 -

Workfiow
Orchestrator
145




US 11,929,070 B1

Sheet 1 of 9

Mar. 12, 2024

U.S. Patent

A

_ Gl
Ol JOJBJISBY2I0

e0Gl
Jojeisues) |oge

MOIHIOAA

L

GGl
abelo1g

eled
Pelege ]

091

el

UoleIouuy [BNUBIA

201Aa(}

HOIRTS L Ol

%)
uonNQURY 19848Q

Gel
abelo]g

s|eubig

eyl
SISAjeuy 108ja(]

Oyl
Jo8ie(]

0cl
1Senbay

eie( Po|ede |

GCl
Moeqpas 4 Jas)



o
as
=
= 14!
A lojesisayolQ
< MO[}JOAA
-
% 8

0ec

le|npayos
=)
Sy
-—
&\
= Gcl -
=P
= Moegpaa4 Josn 377
obelols 0Lz
e mmmswwmm | 90BHAM| Jsanbay _‘

0 ‘ )senbay "
o _ p 01
R O€ L 1senbay ele(q psleqge asn
= Gl
> 90IA8(]

¢ Ol

U.S. Patent



U.S. Patent Mar. 12, 2024 Sheet 3 of 9 US 11,929,070 B1

FIG. 3

Recelve request data for labeled data corresponding to
a ML task 302

Determine, based on the ML task, whether explicit user

feedback I1s to be requested before or after a response
to a user Input Is output 304

Determine a sampling logic represented in the request
data 306

Determine a prompt represented In the request data 3038

Request explicit user feedback using the prompt and
pbased on the sampling logic and whether the explicit

user feedback Is to be requested before or after a
response to a user input I1s output 310
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FIG. 4
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MACHINE LEARNING LABEL
GENERATION

BACKGROUND

Machine learning is a computing technique whereby a
computing system can learn how to perform a specific task
without explicitly being programmed to do so. Machine
learning may be used to handle a number of different tasks
of varying complexity. Machine learning computing may
rely on models that are trained using data sets. Once trained,
a machine learning model may be capable of processing
input data and producing output data that conforms to the
function for which the model has been trained.

BRIEF DESCRIPTION OF DRAWINGS

For a more complete understanding of the present disclo-
sure, reference 1s now made to the following description
taken 1n conjunction with the accompanying drawings.

FIG. 1 1s a conceptual diagram illustrating a system
configured to selectively obtain user feedback regarding
runtime machine learning (ML) model processing, and use
label generators to generate labeled data for training of the
runtime ML model, according to embodiments of the present
disclosure.

FIG. 2 1s a conceptual diagram 1llustrating a labeled data
request component, according to embodiments of the pres-
ent disclosure.

FIG. 3 1s a process flow diagram illustrating processing
that may be performed by a user feedback component,
according to embodiments of the present disclosure.

FIG. 4 1s a conceptual diagram of a ML model for
determining automatic speech recognition (ASR) error attri-
bution, according to embodiments of the present disclosure.

FIG. 5 1s a conceptual diagram of components of a
system, according to embodiments of the present disclosure.

FIG. 6 1s a conceptual diagram 1illustrating components
that may be included in a device, according to embodiments
of the present disclosure.

FIG. 7 1s a block diagram conceptually illustrating
example components of a device, according to embodiments
of the present disclosure.

FIG. 8 1s a block diagram conceptually illustrating
example components of a system, according to embodi-
ments ol the present disclosure.

FIG. 9 1llustrates an example of a computer network for
use with the overall system, according to embodiments of
the present disclosure.

DETAILED DESCRIPTION

Machine learning (ML) 1s a valuable computing technique
that allows computing systems to learn techniques for solv-
ing complex problems without needing an explicit algorithm
for the computing system to follow. ML may use a trained
model that consists of internally configured operations that
can manipulate a particular type of iput data to determine
a desired result. Trained models are used 1n many computing
tasks such as computer vision, speech processing, and
predictive analyses.

Tramned models come 1 a variety of forms including
trained classifiers, Support Vector Machines (SVMs), neural
networks (such as deep neural networks (DNNs), recurrent
neural networks (RNNs), and convolutional neural networks
(CNNs)), random forests, 1solation forests, and others. As an
example, a neural network typically includes an input layer,
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2

an output layer and one or more intermediate hidden layers.
The mput layer 1s configured to take 1n one or more certain
kinds of data and the output layer 1s configured to output a
desired kind of data to result from the network. The hidden
layer(s) performs a variety of functions to generate output
data from the mnput data.

As part of traimning a ML model, one or more labels are
applied to data, resulting in labeled data. The labels are
typically unique to the task to be performed by the ML
model. For example, to train a ML model to transcribe
speech 1nto text, audio data of the speech may be labeled
with text data corresponding to the words 1n the speech. As
another example, to train a ML model to determine an intent
ol a natural language input, data (e.g., natural language text
data) corresponding to the input may be labeled with an
intent of the mput. In some 1nstances, a human may manu-
ally label data, for traiming, based on the human’s knowl-
edge of the task to be performed by the ML model.

As ML models are trained to perform specific tasks,
labeling of data for training one ML model may be different
from labeling of data for training another ML model. For
example, a human may generate a first type of label for
training a first ML model, and a second type of label for
training a second ML model.

The present disclosure provides a centralized approach to
generating labeled data for training of various diflerent ML
tasks of a system. The labeled data may be used for ML
model generation, training, updating, evaluation, and opti-
mization, as well as training of human annotators.

A system of the present disclosure leverages implicit and
explicit user feedback to generate labeled data at scale and
in near real-time. As used herein, “implicit user feedback™
refers to user feedback that 1s implied by a system based on
some action of a user. For example, a system may determine
implicit user feedback based on a user making certain
sounds (e.g., sighing, giggling, etc.), a user interrupting
output of content with another user mnput, a user requesting
output of content be stopped/canceled, a user indicating a
particular sentiment or emotion during output of content,
etc. As used herein, “explicit user feedback™ refers to a user
teedback specifically provided in response to a prompt for
such feedback by a system. For example, after outputting
content, a system may cause a device to output the synthe-
s1ized speech “did I answer your question,” “did I respond
correctly,” or a similar natural language output requesting
teedback from the user. The user may respond to such an
output by saying “ves” (or another similar athrmative
response) or “no” (or another similar negative response), or
by providing feedback in other mput forms, such as via a
touchscreen of the device, by performing a gesture (e.g.,
thumbs up, thumbs down, etc.) that 1s captured by a camera
of the device, providing a facial expression (e.g., a smile, a
frown, etc.) that may be captured by a camera of the device,
selecting a button on the device, eftc.

A user ({or example tasked with updating a ML model)
may request the system to generate labeled data for a
particular ML task performable by the ML model. As part of
the request, the user may provide a prompt to be used by the
system to gather explicit user feedback specifically relating
to runtime processing corresponding to the ML task. As
such, the user may indicate to the system how the system
should prompt users for obtaining explicit user feedback
usable to generate the labeled data for updating the ML
model with respect to the ML task. The system may aggre-
gate explicit user feedback, and use one or more label
generators to generate labeled data using the aggregated user
teedback. In some embodiments, the system 1s configured
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with multiple label generators configured to generate labeled
data for ML tramning, where each label generator 1s config-
ured to generate labeled data for a specific ML task. For
example, the system may implement one label generator to
generate labeled data for training a ML model to transcribe
speech 1to text or other meaning representation data,
another label generator to generate labeled data for training
a ML model to perform intent classification of user inputs,
another label generator to generate labeled data for training
a ML model to perform gesture detection, etc. The system
may selectively mput aggregated user feedback data (and
other related data) into a label generator configured to
generate labeled data for the ML task requested by the user.

The teachings of the present disclosure improve user
privacy as the teachings of the present disclosure may
decrease the amount of manual annotation used to generate
labeled data for ML model training. The teachings of the
present disclosure also increase a speed at which ML models
may be generated/updated as teachings of the present dis-
closure may be performed in near real-time of recerving user
teedback.

A system according to the present disclosure may be
configured to mncorporate user permissions and may only
perform activities disclosed herein 1f approved by a user. As
such, the systems, devices, components, and techmiques
described herein would be typically configured to restrict
processing where appropriate and only process user data in
a manner that ensures compliance with all appropriate laws,
regulations, standards, and the like. The system and tech-
niques can be implemented on a geographic basis to ensure
compliance with laws 1n various jurisdictions and entities 1n
which the components of the system and/or user are located.

FIG. 1 shows a system 100 configured to selectively
obtain user feedback regarding runtime ML model process-
ing, and use label generators to generate labeled data for ML
training of the runtime ML model. Although the figures and
discussion of the present disclosure illustrate certain pro-
cesses 1n a particular order, the processes described may be
performed 1n a different order (as well as certain processes
removed or added) without departing from the present
disclosure.

The system 100 may include a device 110 (local to a user
105), a device 115 (local to a user 107), and a system 120 1n
communication across a network(s) 199 (illustrated 1n FIG.
9). The network 199 may include the Internet and/or any
other wide- or local-area network, and may include wired,
wireless, and/or cellular network hardware.

The user 107 may want to receive labeled data for one or
more ML tasks. The user 107 may use the device 115 to
request generation of the labeled data by the system 120. As
an example, the user 107 may be an individual tasked with
generation, evaluation, and/or optimization of a ML model
implemented by the system 120 or another system. In some
embodiments, the user 107 may provide input to the device
115 via a physical or displayed keyboard of or associated
with the device 115.

The user 107 may include, within the request for labeled
data, an indication of the ML task(s) for which labeled data
1s requested. Example ML tasks include speech transcrip-
tion, gesture detection, intent classification, object recogni-
tion, user recogmtion, skill selection, and device arbitration.
It will be appreciated that the foregoing examples are merely
illustrative, and that other ML tasks are envisioned and
within the scope of the present disclosure.

Along with the ML task(s), the request for labeled data
may include one or more prompts to be used by the system
120 to obtain explicit user feedback usable to generate the
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labeled data for the specific ML task(s). In some embodi-
ments, the user 107 may provide a natural language prompt
that may be output as synthesized speech. For example, i
the ML task 1s speech transcription, the prompt may request
user feedback confirming whether speech transcription of a
user mput was correct (e.g., “did you say [ASR hypothesis
for the user input]”). For further example, 11 the ML task 1s
device arbitration, the prompt may request user feedback
confirming whether the system 120 used the correct device
to output a response to a user input (e.g., “did I respond
using the correct device”). In another example, 1f the ML
task 1s skill selection, the prompt may request user feedback
confirming whether the system 120 responded to a user input
using a correct skill (e.g., “did I respond using the correct
skill”).

In addition to the ML task(s) and the prompt(s), the
request for labeled data may include sampling logic repre-
senting how the system 120 should obtain explicit user
teedback for the request. The sampling logic may indicate,
for example, that the system 120 1s to request explicit user
teedback from users corresponding to one or more user
demographics (e.g., geographic location, spoken language,
age, gender, etc.), that the system 120 1s to request explicit
user feedback when the device that captured a user input
corresponding to a particular device type (e.g., headless
device, device including a display, etc.), that the system 120
1s to request explicit user feedback when a particular skill 1s
used to respond to a user nput, that the system 120 1s to
request explicit user feedback when the system 120 deter-
mines a user mput corresponds to a particular intent, etc. The
sampling logic may be based on the type of ML task for
which labeled data 1s being requested.

The request for labeled data may additionally or alterna-
tive include data indicating, for example, whether the
requested labeled data 1s to be generated using manual
annotation, a budget allotted for manual annotation, whether
the requested labeled data 1s to be generated using a label
generator 150, at what frequency the system 120 1s to
request explicit user feedback using the provided prompt(s),
and a duration that the system 120 should request explicit
user feedback for generating the requested labeled data (e.g.,
a day, a week, two weeks, etc.).

The device 115 sends (step 1), and a labeled data request
component 130 of the system 120 receives, request data 205
(1llustrated 1n FIG. 2) corresponding to the request for
labeled data. The request data 205 may include data repre-
senting the one or more ML tasks with respect to which
labeled data 1s requested, the one or more prompts for
requesting explicit user feedback as indicated by the user
107, any sampling logic the user 107 may have provided,
and any other information the user 107 may have provided
for the request (e.g., a duration for collective explicit user
teedback, etc.).

In some embodiments, a runtime ML model may be
associated with a ML model output confidence component
configured to determine a confidence that the output, of the
runtime ML model, 1s correct. If the ML model output
confidence component determines the confidence indicates
the runtime output 1s likely incorrect (e.g., the confidence
fails to satisty a threshold confidence), then the ML model
output confidence component may generate and send, to the
labeled data request component 130, the request data 205
described above with respect to step 1, except that the
request data 205 may be generated by the ML model output
confidence component rather than the user 107.

As 1llustrated i FI1G. 2, the request data 205 may be 1mnput
to the labeled data request component 130 via a labeled data
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request interface 210. The labeled data request intertace 210
may store the request data 205 1n a labeled data request
storage 220 of the labeled data request component 130. The
labeled data request storage 220 may store various instances
of request data, with each instance of request data indicating
the user that generated the request for labeled data, the ML
task(s) for which labeled data 1s to be generated, one or more
prompts for requesting explicit user feedback regarding
performance of the ML task at runtime, a duration (e.g., a
day, a week, two weeks, etc.) that explicit user feedback 1s
to be requested using the prompt(s), and potentially other
sampling logic (e.g., user demographics with respect to
which explicit user feedback is to be requested, geographic
locations of users with respect to which explicit user feed-
back 1s to be requested, etc.). The labeled data request
component 130 may also include a scheduler component
230. The scheduler component 230 1s configured to query
the labeled data request storage 220 for timing data 215
representing when explicit user feedback 1s to no longer be
requested for a request for labeled data. For example, the
timing data 215 may include a timestamp representing
receipt of request data from the device 1135, and a duration
(c.g., a day, a week, two weeks, etc.) that explicit user
teedback 1s to be requested based on the prompt(s) and other
sampling logic 1 the request data. When the scheduler
component 230 determines, based on the timing data 215,
that explicit user feedback 1s to no longer be requested for
a request for labeled data, the scheduler component 230 may
send (step 8), to a worktlow orchestrator component 145 of
the system 120, data representing the ML task(s) (repre-
sented 1n the request data 205 corresponding to the timing
data 215 1n the labeled data request storage 220). Details of
processing ol the workilow orchestrator component 145, in
response to receiving such data, are described herein below.
Once the labeled data request interface 210 receives the
request data 205, and optionally stores the request data 205
in the labeled data request storage 220, the labeled data
request component 130 may send (step 2) the request data
205 to a user feedback component 125 of the system 120.
Referring to FIG. 3, in response to receiving (step 302) the
request data from the labeled data request component 130,
the user feedback component 125 may determine (step 304),
based on the ML task 1n the request data, whether explicit
user feedback 1s to be requested belore or after a response to
a user mput 1s output. For example, 1f the ML task 1s an ASR
processing task, the user feedback component 125 may deter
explicit user feedback is to be requested prior to a response
to a user input being output (e.g., 1n the form of “did you say
|ASR hypothesis of the user input]”). For further example,
if the ML task 1s a gesture detection task, the user feedback
component 125 may determine explicit user feedback 1s to
be requested prior to a response to a gesture being output. As
another example, 1f the ML task 1s a skill selection task, the
user feedback component 125 may determine explicit user
teedback 1s to be requested after a response to a user input
1s output (e.g., in the form of “did I respond correctly™).
The user feedback component 125 also processes the
request data 205 to determine (306) a sampling logic rep-
resented therein. For example, the user feedback component
125 may determine the request data 205 indicates explicit
user feedback 1s to be requested from users corresponding to
a specific geographic location. For further example, the user
teedback component 125 may determine the request data
205 dicates explicit user feedback 1s to be requested for a
duration of time (e.g., a week).
The user feedback component 125 may periodically check
and tally a number of explicit user feedbacks (requested
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based on request data) against a total number of requests that
are permitted as indicated in the request data. Once the
number of requested explicit user feedbacks reaches the total
number, the user feedback component 125 may cease
requesting explicit user feedback with respect to the request
data.

The user feedback component 125 may also determine
(step 308) a prompt, for requesting explicit user feedback,
represented in the request data 205.

The user teedback component 125 may request (step 310)
explicit user feedback using the prompt and based on the
sampling logic and whether the explicit user feedback 1s to
be requested before or after a response to a user mput 1s
output. The user feedback component 125 may generate one
or more types ol output data for requesting explicit user
teedback. For example, the output data may include audio
data, including synthesized speech requesting the explicit
user feedback, and/or display data (e.g., text data, one or
more graphical elements, such as virtual buttons, etc.)
requesting explicit user feedback.

Referring again to FIG. 1, the user feedback component
125 may send (step 3) the output data (requesting explicit
user feedback) to the device 110 with respect to which the
ML task(s) was performed during processing of a user input.
For example, i the request data 205 indicates an ASR task,
the user feedback component 125 may send the output data
to a device 110 from which a spoken user input was
received. For further example, 1f the request data 2035
indicates a gesture detection task, the user feedback com-
ponent 125 may send the output data to a device 110 from
which a gesture user input was recerved. In another example,
if the request data 205 indicates an ASR task and a geo-
graphic location, the user feedback component 125 may
send the output data to a device 110 corresponding to the
geographic location and from which a spoken user input was
received.

The device 110 may output the prompt (1n the output data)
and thereafter collect explicit user feedback. The user 105
may provide explicit user feedback in various forms. For
example, the user 105 may say “yes” (or another similar
aflirmative response) or “no” (or another similar negative
response), select a GUI element displayed on a touchscreen
of the device, perform a gesture (e.g., thumbs up, thumbs
down, etc.) that 1s captured by a camera of the device 110,
providing a facial expression (e.g., a smile, a frown, etc.)
that may be captured by a camera of the device 110, etc. The
device 110 may send (step 4) user feedback data to the user
teedback component 125, which may be stored (step 5) 1n a
signals storage 135 of the system 120.

In some situations, the user feedback component 125 may
derive implicit user feedback. For example, the user feed-
back component 125 may determine implicit user feedback
based on a user making certain sounds (e.g., sighing, gig-
gling, etc.) while the device 110 outputs a response to a user
input, a user terrupting output of a response to a user input
with another user mput, a user requesting output of a
response to a user mput be stopped/canceled, a user indi-
cating a particular sentiment or emotion during output of a
response to a user mput, etc. The user feedback component
125 may generate user feedback data representing implicit
user feedback, and store (step 5) same 1n the signals storage
135.

The user feedback component 125 may be configured to
receive all instances of user feedback data from all devices
configured to communicate with the system 120 for pur-
poses of responding to user inputs. In response to receiving
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user feedback data, the user feedback component 125 may
store the user feedback data i1n the signals storage 135.

Each istance of explicit user feedback, stored in the
signals storage 135, may be associated with a user input
identifier identifying the user input with respect to which the
explicit user feedback was provided, and the user feedback
prompt that was output to request the explicit user feedback.
Each 1nstance of implicit user feedback, stored in the signals
storage 135, may be associated with a user mput identifier
identifying the user mnput with respect to which the implicit
user feedback was derived, and the one or more signals from
which the mmplicit user feedback was derived. In some
embodiments, an instance of user feedback, in the signals
storage 135, may be associated with an indication of whether
the user feedback 1s positive or negative. In some embodi-
ments, an instance of user feedback, 1n the signals storage
135, may be associated with an indication of whether the
user feedback 1s explicit or implicit.

Upon the user feedback component 125 storing explicit
and/or 1implicit user feedback data in the signals storage 135,
the user feedback data may be sent (step 6) to a defect
component 140 of the system 120. In other words, the user
teedback data may be communicated to the defect compo-
nent 140 1n near-real time of the user feedback component
125 recerving the user feedback data.

The defect component 140 includes a defect analysis
component 142 and a defect attribution componentl44. The
defect analysis component 142 1s configured to determine
whether processing of a user mput was successiul or defec-
tive based on explicit and/or implicit user feedback corre-
sponding to the user input. As used herein, “successiul”
processing 1 a user mput occurs when the user 1s satisfied
with the output presented 1n response to the user input.
Conversely, as used herein, “defective” processing 1f a user
input occurs when the user expresses some frustration with
the output presented 1n response to the user input. Examples
of positive user feedback may be the user saying “thank
you,” the user smiling or nodding the user’s head, the user
showing a thumbs up gesture, the user providing another
input to continue the dialog, etc. Examples of negative user
teedback may be the user saying “that’s not what I wanted,”
the user interrupting the output by saying “cancel” or “stop,”
the user frowning or shaking the user’s head, the user
showing a thumbs down gesture, the user rephrasing or
repeating the user mput, etc.

To determine whether processing of a user mput was
successiul or defective, the defect analysis component 142
may take into consideration all user feedback instances
received for the user input from the signals storage 135 (e.g.,
all recerved user feedback data associated with a single user
input 1dentifier). In some embodiments, the defect analysis
component 142 may process, using a ML model, the user
teedback data (associated with a single user input 1dentifier)
to determine a value representing whether processing of the
user input was successiul or defective. No single instance of
user feedback may be dispositive as to whether the process-
ing was successiul or defective. In other words, the ML
model may take imto consideration all instances of user
feedback, received for a user input, when determining
whether processing of the user mput was successiul or
defective.

Even though no single instance of user feedback may be
dispositive, the ML model may weight different types of user
teedback diflerently. For example, 1n some embodiments the
ML model may weight explicit user feedback heavier than
implicit user feedback when determining whether process-
ing of a user mput was successiul or defective.
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When the defect analysis component 142 generates a
value representing processing of the user input was defec-
tive, the defect attribution component 144 may execute to
determine a cause of the defective processing. In some
embodiments, the defect attribution component 144 may
determine the user input 1dentifier 1s associated with explicit
user feedback 1n the signals storage 1335, determine a ML
task associated with the explicit user feedback in the signals
storage 1335, and determine processing of the user input was
defective due to the runtime performed ML task. For
example, the defect attribution component 144 may deter-
mine a spoken user input identifier 1s associated with explicit
user feedback 1n the signals storage 135, determine an ASR
task 1s associated with the explicit user feedback in the
signals storage 135 (e.g., due to the request data 205
received at step 1 indicating the ASR task), and determine
the ASR processing of the spoken user input was defective.
For further example, the defect attribution component 144
may determine a spoken user mput identifier 1s associated
with explicit user feedback in the signals storage 135,
determine an intent classification task 1s associated with the
explicit user feedback in the signals storage 133 (e.g., due to
the request data 205 received at step 1 indicating the intent
classification task), and determine the intent classification
processing of the spoken user input was defective.

In some embodiments, the defect attribution component
144 may implement a ML model configured to attribute
defective processing of a user mput to a particular type of
processing that was performed with respect to the user input.
FIG. 4 illustrates an example ML model 400 for determining
whether ASR processing of a user input was defective.

As 1illustrated in FIG. 4, the ML model 400 may include
a phoneme encoder 406, a text encoder 408, and a pooling
layer 416. An ASR n-best list 402 (including an ASR 1-best
hypothesis, an ASR 2-best hypothesis, . . . and an ASR n-best
hypothesis generated at runtime for the spoken user input
currently being processed by the defect attribution compo-
nent 144) 1s mput to the phoneme encoder 406 and the text
encoder 408.

The system 120 may be configured with an ASR rewrite
component configured to generate at least a first rewrite 404
of one or more ASR hypotheses represented 1n the ASR
n-best list 402. The rewrite 404 1s nput to the phoneme
encoder 406 and the text encoder 408.

The phoneme encoder 406 i1s configured to generate
phoneme embeddings 410 for the ASR n-best list 402 and
the rewrite 404. For example, the phoneme encoder 406 may
generate a first phoneme embedding 410a for the ASR
1-best hypothesis, a second phoneme embedding 4105 for
the ASR 2-best hypothesis, a third phoneme embedding
410c¢ for the ASR n-best hypothesis, and a fourth phoneme
embedding 4104 for the rewrite 404. Phoneme encoders are
known 1n the imdustry/art, any one of which may be imple-
mented as the phoneme encoder 406.

The text encoder 408 1s configured to generate text
embeddings 412 for the ASR n-best list 402 and the rewrite
404. For example, the text encoder 408 may generate a first
text embedding 412a for the ASR 1-best hypothesis, a
second text embedding 4125 for the ASR 2-best hypothesis,
a third text embedding 412¢ for the ASR n-best hypothesis,
and a fourth text embedding 4124 for the rewrite 404. Text
encoders are known in the industry/art, any one of which
may be implemented as the text encoder 408.

The ML model 400 may generate a phoneme and text
embedding 414 for different phoneme embedding 410 and
text embedding 412 pairs. For example, the ML model 400
may generate a 1-best phoneme and text embedding 414a
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corresponding to the first phoneme embedding 410a and the
first text embedding 412a for the ASR 1-best hypothesis, a
2-best phoneme and text embedding 4145 corresponding to
the second phoneme embedding 4105 and the second text
embedding 4125 for the ASR 2-best hypothesis, a n-best 5
phoneme and text embedding 414¢ corresponding to the
third phoneme embedding 410¢ and the third text embed-
ding 412¢ for the ASR n-best hypothesis, and a best pho-
neme and text embedding 4144 corresponding to the fourth
phoneme embedding 4104 and the fourth text embedding 10
412d for the rewrite.

The phoneme and text embeddings 414 may be mput to
the pooling layer 416 of the ML model 400. Pooling layers
are known 1n the industry/art, any one of which may be
implemented as the pooling layer 416. The pooling layer 416 15
processes with respect to the input phoneme and text embed-
dings 414 to reduce dimensions thereof and output a 1-best
phoneme and text embedding 418.

The defect attribution component 144 may compare the
1-best phoneme and text embedding 418 to the 1-best 20
phoneme and text embedding 414a generated for the 1-best
hypothesis 1n the ASR n-best list 402. If the defect attribu-
tion component 144 determines the 1-best phoneme and text
embedding 418 and the 1-best phoneme and text embedding
414a are the same, the defect attribution component 144 25
may determine ASR processing was not the cause of pro-
cessing of the user input being defective. Conversely, 1f the
defect attribution component 144 determines the 1-best
phoneme and text embedding 418 and the 1-best phoneme
and text embedding 414q are different, the defect attribution 30
component 144 may determine ASR processing was the
cause of processing of the user input being defective.

Referring again to FIG. 1, the defect component 140 may
associate (step 7), in the signals storage 135, the user mput
identifier (received at step 6) with the value (representing a 35
defectiveness of processing of the user input) determined by
the defect analysis component 142, and data representing a
cause for defective processing as determined by the defect
attribution component 144 (to the extent the defect attribu-
tion component 144 determined such, as the defect attribu- 40
tion component 144 may not process 1f the value output by
the defect analysis component 142 indicates processing of
the user mput was successiul).

The defect component 140 may process as described
above each time a user input i1dentifier and corresponding 45
data 1s newly stored in the signals storage 135.

At some point 1n time, the scheduler component 230, of
the labeled data request component 130, may determine,
based on the timing data 2135, that explicit user feedback 1s
to no longer be requested for a request for labeled data. In 50
response, the scheduler component 230 may send (step 8), to
the workflow orchestrator component 145 of the system 120,
data representing the ML task(s) (represented 1n the request
data 205 corresponding to the timing data 215 1n the labeled
data request storage 220). 55

In response to receiving the data from the scheduler
component 230, the workflow orchestrator component 145
may query (step 9) the signals storage 135 for data that 1s
associated with the ML task therein. The data, received by
the worktlow orchestrator component 145 at step 9, may 60
include various user mput 1dentifiers, where each user input
identifier 1s associated with one or more explicit and/or
implicit user feedbacks provided with respect to the user
input, the value determined by the defect analysis compo-
nent 142 for the user mput identifier, and (potentially) a 65
defect attribution indicator determined by the defect attri-
bution component 144 (where the defect attribution indica-

10

tor represents the type of processing that caused processing
ol the user input to be defective). The worktlow orchestrator
component 145 1s configured to determine one or more label
generators 150 to generate labeled data for the ML task
received at step 8. Each label generator 150 may be con-
figured to generate labeled data for a particular labeling
workilow. In some embodiments, a label generator may be
trained using historical labels and feedback for a labeling
workflow. In some embodiments, a label generator may
implement one or more deterministic functions that compute
labels based on 1nput parameters. In some embodiments, a
label generator may implement one or more deterministic
functions assisted by one or more ML models to determine
confidence(s) of the deterministic function(s).

The worktlow orchestrator component 145 may deter-
mine which label generator(s) 1s to process based on the ML
task 1indicator. For example, a single label generator may be
configured to generate labeled data for the ML task. Alter-
natively, a first label generator may perform a first labeling
workilow to generate first labeled data, and the first labeled
data may be 1mput to a second label generator to perform a
second labeling workflow to generate second labeled data,
with the second labeled data corresponding to the labeled
data for the ML task requested by the user 107. As an
example, one or more label generators 150 may be config-
ured to perform one or more labeling workflows to generate
labeled data for training a ML model for speech transcription
(1.e., an ASR ML task). As another example, one or more
label generators 150 may be configured to perform one or
more labeling worktlows to generate labeled data for train-
ing a ML model for gesture detection processing (i.e., a
gesture detection ML task). As a further example, one or
more label generators 150 may be configured to perform one
or more labeling workflows to generate labeled data for
training a ML model to perform intent classification pro-
cessing (1.e., an intent classification ML task). As another
example, one or more label generators 150 may be config-
ured to perform one or more labeling worktlows to generate
labeled data for training a ML model to perform wakeword
detection processing (1.e., a wakeword detection ML task).
It will be appreciated that the foregoing examples are merely
illustrative, and that other scenarios are envisioned and
within the scope of the present disclosure.

The workilow orchestrator component 145 sends (step 10)
the data, received at step 9, to one or more label generators
150 depending on the ML task indicated 1n the data received
at step 8. For example, 11 the ML task 1s an ASR ML task,
the workilow orchestrator component 145 may send the data
to one or more label generators configured to perform one or
more labeling worktlows to generate labeled data for train-
ing a ML model to perform ASR processing. The data, sent
from the worktlow orchestrator component 145 to the label
generator(s) 150 may include, for example, an indicator of
the ML task, the data used to perform the ML task at
runtime, the value representing whether the processing of
the user input was successiul or defective, the user feedback
data upon which the value was determined, and (potentially)
and indicator of defective processing output by the defect
attribution component 144.

A label generator 150, determined to process by the
workilow orchestrator component 145, may process to gen-
crate labeled data usable to perform ML training for the ML
task. For example, a label generator 150a may be configured
to take audio data as input and generate labeled data for
performing ASR processing. For further example, a label
generator 1506 may be configured to take image data as
input and generate labeled data for gesture detection pro-
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cessing. In another example, a label generator 150¢c may be
configured to generate take ASR output data (e.g., an ASR
hypothesis) as mput and generate labeled data for perform-
ing intent classification processing. For further example, a
label generator 1504 may be configured to take NLU output
data (e.g., a NLU hypothesis) as mput and generate labeled
data for determining a skill to process with respect to NLU
output data. In another example, a label generator 150¢ may
be configured to take various data as mput and generate
labeled data for performing sentiment detection processing.
For further example, a label generator 150/ may be config-
ured to take audio data as input and generate labeled data for
performing wakeword detection processing. It will be appre-
ciated that the foregoing examples are merely illustrative,
and that other configurations and processing of label gen-
erators are envisioned and within the scope of the present
disclosure. As a specific example, a label generator for an
ASR ML task may be configured as a multi-view multi-task
transformer that takes word and phoneme sequences of ASR
n-best hypotheses as mput, and outputs word sequences and
phoneme sequences for rewrites ol the ASR n-best hypoth-
eses, where the rewrites correspond to labeled data.

In some instances, the output of one label generator may
be an mput to another label generator. For example, a first
label generator may process first data with respect to a first
labeling workflow to generate first labeled data, and a
second label generator may process the first labeled data
with respect to a second labeling workflow to generate
second labeled data that 1s usable to perform ML training
with respect to a ML task.

In addition to generating labeled data, a label generator
150 may determine a value (e.g., confidence value, prob-
ability value, etc.) representing whether the labeled data
should be considered as a ground truth for training of the ML
task.

A label generator 150 stores (step 11), 1n a labeled data
storage 155, an association between an indicator of the ML
task, the labeled data generated by the label generator 150
for the ML task, and the value representing whether the
labeled data should be considered as a ground truth for
training of the ML task. In some embodiments, the label
generator 150 may only store the foregoing associated data
if the value satisfies a condition (e.g., a threshold confidence
value). Additionally or alternatively, an instance of labeled
data, in the labeled data storage 155, may be associated with
data indicating whether the labeled data was generated using
a label generator or manual annotation (as described below).

As described above, the workflow orchestrator compo-
nent 145 may determine one or more label generators 1350
should be used to generate labeled data. In some 1nstances,
the worktflow orchestrator component 1435 may additionally
or alternatively determine labeled data should be generated
using manual annotation. For example, the worktlow orches-
trator component 145 may receive data usable to generate
labeled data for a particular ML task, determine the ML task
does not have a corresponding label generator 150 (e.g.,
there 1s no lable generator(s) configured to generate labeled
data for the ML task), and based therecon determine the
labeled data 1s to be generated through manual annotation.
For further example, the data labeling component may
receive a request for labeled data for a specific ML task,
where the request indicates the labeled data should be
generated through manual annotation. In some instances, a
request may indicate the labeled data should be generated
through manual annotation based on a concern that labeled
data, generated by a label generator 150, may unintention-
ally 1ntroduce bias into ML traiming. In this scenario, the
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worktlow orchestrator component 145 may determine
manual annotation 1s to be used to generate labeled data
based on the request. As another example, the workflow
orchestrator component 145 may be configured to receive
labeled data and a corresponding confidence value generated
by a label generator 150. If the workiflow orchestrator
component 145 determines the confidence value fails to
satisly a condition (e.g., a threshold confidence value), the
workilow orchestrator component 145 may determine the
data (processed by the label generator 150 to generate the
labeled data and the confidence value) 1s to undergo manual
annotation.

In the foregoing situations, the workilow orchestrator
component 145 sends (step 12) data, to undergo manual
annotation, to a manual annotation component 160 of the
system 120. In sending the data, the workflow orchestrator
component 145 may indicate the ML task for which the data
1s to undergo manual annotation.

The manual annotation component 160 may be configured
to send data, received from the workflow orchestrator com-
ponent 1435, to one or more devices of human annotators. For
example, each human annotator device identifier may be
associated with data representing one or more ML tasks for
which the associated human annotator 1s prepared to manu-
ally annotate data for. When the manual annotation compo-
nent 160 receives data from the workflow orchestrator
component 145, the manual annotation component 160 may
determine a ML task associated with the received data,
determine one or more human annotator device identifiers
assoclated with the ML task, and send the data to one or
more devices, corresponding to the one or more human
annotator device i1dentifiers, to undergo manual annotation
tor the ML task.

In response to a human annotator receiving data for
manual annotation, the human annotator may manually
annotate the data for the specific ML task, resulting in
labeled data for the ML task. The human annotator’s device
sends the labeled data to the manual annotation component
160, which sends (step 13) the labeled data to the labeled
data storage 1355 for storage. The manual annotation com-
ponent 160 may cause the labeled data to be associated, in
the labeled data storage 155, with data representing the ML
task (e.g., ASR processing, gesture detection processing,
intent classification processing, skill selection processing,
wakeword detection processing, etc.) for which the labeled
data 1s configured. Additionally or alternatively, the manual
annotation component 160 may cause the labeled data to be
associated, 1n the labeled data storage 1355, with data 1ndi-
cating the labeled data was generated through manual anno-
tation.

In some situations, the labeled data request component
130 may receive a request for labeled data for a specific ML
task, where the request 1indicates a specific budget (e.g., a
price, an amount of time to be spent, an amount of resources
(e.g., computational resources, human resources, etc.)) for
generating the labeled data. In such situations, the worktlow
orchestrator component 145 may send data to the manual
annotation component 160, where the data includes data to
be manually annotated and an indication of the budget. The
manual annotation component 160 may then process, as
described above, to cause the data to be manually annotated.
The manual annotation component 160 may track perfor-
mance of the manual annotation 1 view of the budget. Once
manual annotation has been performed to the extent that the
budget has been used, the manual annotation component 160
may send, to the worktlow orchestrator component 145, data
representing the budget has been used. In response to
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receiving this data from the manual annotation component
160, the workflow orchestrator component 145 may there-
after cause data, to be labeled, to be sent to one or more of
the label generators 150 for processing. As such, the work-
flow orchestrator component 145 may be configured to
cause labeled data, for a ML task, to be generated using both
the label generators 150 and the manual annotation compo-
nent 160.

In some embodiments, the manual annotation component
160 may be used to verily the labeled data generated by a
label generator 150. For example, the data, input to the label
generator 150, and the labeled data, generated by the label
generator 150, may be mput to the manual annotation
component 160. The manual annotation component 160 may
then coordinate with one or more manual annotators to
verily the labeled data 1s corrected based on the input data
and the ML task to which the label generator 150 corre-
sponds.

Upon labeled data being generated (for the label data
request recerved at step 1) and stored in the labeled data
storage 155, the labeled data may be sent (step 14) to the
labeled data request component 130. Thereafter, the labeled
data request interface 210 (of the labeled data request
component 130) may be used to send (step 15) the labeled
data to the device 115. In response to recerving the labeled
data, the user 107 may use the labeled data to generate or
retrain a runtime ML model using the labeled data.

In some 1nstances, the user 107 may want labeled data to
train a ML model(s), but the user 107 may not generate a
request for labeled data as described above. As described
above, the labeled data storage 155 may store labeled data
associated with a ML task for which the labeled data has
been generated. As a result, instead of requesting the system
120 to generate new labeled data, the user 107, using the
device 115 and via the labeled data request interface 210,
may query the labeled data storage 155 for labeled data
associated with a ML task(s) therein. In some embodiments,
the user 107 may query the labeled data storage 155 for all
labeled data corresponding to a skill (1rrespect1ve of ML
task). In response to the query, the user 107, via the device
115, may receive labeled data associated with the ML task(s)
or skill, and the user 107, via the device 115, may thereafter
use the labeled data to generate or retrain a ML model.

In some 1nstances, when the labeled data request intertace
210 receives request data corresponding to a ML task, the
labeled data request component 130 may determine whether
the labeled data storage 155 already includes labeled data

associated with the ML task. If so, the labeled data request
interface 210 may be used to send the labeled data to the
device from which the request data was received. If the
labeled data request component 130 instead determines the
labeled data storage 155 does not yet include labeled data
associated with the ML task, the labeled data request com-
ponent 130 may send data to the user feedback component
125 (step 2 of FIG. 1), resulting 1n the processing of FIG. 1
described above.

In some embodiments, a label generator 150 may be
trained using data generated from one or more manual
annotation workilows and data stored in the signals storage
135.

A described herein, labeled data may be generated via
manual annotation. The labeled data, generated via manual
annotation, along with the input data from which the labeled
data was generated, may be used as samples to train (or
retrain) a label generator 150.

In some examples, a manual annotation worktlow may be
used to generate more than one type of label for a given
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instance of training data. In this instances, a label generator
150 may be trained to generate the more than one type of
label. As an example, a manual annotation worktlow may be
used to label natural language text data with an intent label
and a domain label. In this example, positive samples of
natural language text with corresponding intent labels (gen-
erated through manual annotation) and positive samples of
natural language text with corresponding domain labels may
be used to train a label generator 150 to generate an intent
label and a domain label for a given instance of input data.

In some embodiments, data from the signals storage 135
may also be used to train a label generator 150. For example,
the signals storage 135 may be periodically queries for data
usable to train a label generator 150 with respect to a specific
ML task. Data, corresponding to positive user feedback 1n
the signals storage 135, may be used as a positive sample for
ML training. Conversely, data, corresponding to negative
user feedback in the signals storage 135, may be used as a
negative sample for ML training.

In some embodiments, a label generator 150 may be
initially trained using samples from manual annotation, and
thereaiter periodically updated using samples from the sig-
nals storage 135 and optionally further samples from manual
annotation.

One or more art-known/industry-known ML training
techniques may be used to train a label generator 150. One
or more proprietary ML training techniques additionally or
alternatively be used to train a label generator 150. In some
embodiments, the ML tramning techmque(s) used may
depend on the ML task for which the label generator 150 1s
to be trained.

As described herein, the system 120 may implement
various label generators 150, with each being associated
with one or more specific ML tasks. As examples, a label
generator 150 may be configured to generate labeled data for
training a ML model to measure the success of a turn of a
dialog; predict the likelihood that the system will generate
output data that correctly responds to a user mput; perform
ASR processing; perform lexicon (or phonetic) transcription
for TTS processing (1.e., transcribe natural language data
into sounds to pronounce words); annotate the domain,
intent, and enfity(ies) of a user input; perform entity reso-
lution; annotate the domain, 1intent, and entity(ies) of output
data generated by the system 1n response to a user mput;
annotate entities that are referenced indirectly (e.g., with
anaphors) 1n user inputs; perform skill selection; perform
wakeword detection; perform sentiment detection of a spo-
ken natural language input; perform sentiment detection of
a textual natural language input; perform gesture detection;
etc.

The system 100 may operate using various components
other components, as illustrated in FIG. 5. The various
components may be located on a same or different physical
devices. Communication between various components may
occur directly or across a network(s) 199.

A microphone or array of microphones (of or otherwise
associated with the device 110) may capture audio 11. The
device 110 processes audio data, representing the audio 11,
to determine whether speech 1s detected. The device 110
may use various techniques to determine whether audio data
includes speech. In some examples, the device 110 may
apply voice activity detection (VAD) techniques. Such tech-
niques may determine whether speech 1s present 1n audio
data based on various quantitative aspects of the audio data,
such as the spectral slope between one or more frames of the
audio data, the energy levels of the audio data 1n one or more
spectral bands, the signal-to-noise ratios of the audio data 1n
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one or more spectral bands, or other quantitative aspects. In
other examples, the device 110 may implement a classifier
configured to distinguish speech from background noise.
The classifier may be implemented by techniques such as
linear classifiers, support vector machines, and decision
trees. In still other examples, the device 110 may apply
Hidden Markov Model (HMM) or Gaussian Mixture Model
(GMM) techniques to compare the audio data to one or more
acoustic models 1n storage, which acoustic models may
include models corresponding to speech, noise (e.g., envi-
ronmental noise or background noise), or silence. Still other
techniques may be used to determine whether speech 1s
present 1 audio data.

Once speech 1s detected 1n audio data, the device 110 may
determine 1f the speech 1s directed at the device 110/system
120. In at least some embodiments, such determination may
be made using a wakeword detection component 520. The
wakeword detection component 520 may be configured to
detect various wakewords. In at least some examples, each
wakeword may correspond to a name of a diflerent digital
assistant. An example wakeword/digital assistant name 1s
“Alexa.”

Wakeword detection 1s typically performed without per-
forming linguistic analysis, textual analysis, or semantic
analysis. Instead, the audio data 1s analyzed to determine 1f
specific characteristics of the audio data match preconfig-
ured acoustic wavelorms, audio signatures, or other data
corresponding to a wakeword.

Thus, the wakeword detection component 520 may com-
pare audio data to stored data to detect a wakeword. One
approach for wakeword detection applies general large
vocabulary continuous speech recognition (LVCSR) sys-
tems to decode audio signals, with wakeword searching
being conducted 1n the resulting lattices or confusion net-
works. Another approach for wakeword detection builds
HMMs for each wakeword and non-wakeword speech sig-
nals, respectively. The non-wakeword speech includes other
spoken words, background noise, etc. There can be one or
more HMMs buwlt to model the non-wakeword speech
characteristics, which are named filler models. Viterbi
decoding 1s used to search the best path in the decoding
graph, and the decoding output 1s further processed to make
the decision on wakeword presence. This approach can be
extended to 1nclude discriminative information by incorpo-
rating a hybrid deep neural network (DNN)-HMM decoding
framework. In another example, the wakeword detection
component 520 may be built on DNN/recursive neural
network (RNN) structures directly, without HMM being
involved. Such an architecture may estimate the posteriors
of wakewords with context data, either by stacking frames
within a context window for DNN, or using RNN. Follow-
on posterior threshold tuning or smoothing 1s applied for
decision making. Other techniques for wakeword detection,
such as those known 1n the art, may also be used.

Once the wakeword detection component 520 detects a
wakeword, the device 110 may “wake” and begin transmit-
ting audio data 511, representing the audio 11, to the system
120. The audio data 511 may include the detected wake-
word, or the device 110 may remove the portion of the audio
data, corresponding to the detected wakeword, prior to
sending the audio data 511 to the system 120.

The system 120 may include an orchestrator component
530 configured to, among other things, coordinate data
transmissions between components of the system 120. The
orchestrator component 530 may recerve the audio data 511
from the device 110, and send the audio data 511 to an ASR

component 350.
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The ASR component 550 transcribes the audio data 511
into ASR output data including one or more ASR hypoth-
eses. An ASR hypothesis may be configured as a textual
interpretation of the speech 1n the audio data 511, or may be
configured 1n another manner, such as one or more tokens.
Each ASR hypothesis may represent a different likely inter-
pretation of the speech in the audio data 511. Each ASR
hypothesis may be associated with a score (e.g., confidence
score, probability score, or the like) representing the asso-

ciated ASR hypothesis correctly represents the speech 1n the
audio data 511.

The ASR component 550 interprets the speech in the
audio data 311 based on a similarity between the audio data
511 and pre-established language models. For example, the
ASR component 550 may compare the audio data 511 with
models for sounds (e.g., subword units, such as phonemes,
etc.) and sequences of sounds to identily words that match
the sequence of sounds of the speech represented in the
audio data 511.

In at least some 1nstances, instead of the device 110
receiving a spoken natural language input, the device 110
may receive a textual (e.g., typed) natural language input.
The device 110 may determine text data representing the
textual natural language input, and may send the text data to
the system 120, wherein the text data i1s received by the
orchestrator component 530. The orchestrator component
530 may send the text data or ASR output data, depending
on the type of natural language input received, to a NLU
component 560.

The NLU component 560 processes the ASR output data
or text data to determine one or more NLU hypotheses
embodied 1n NLU output data. The NLU component 560
may perform intent classification (IC) processing on the
ASR output data or text data to determine an intent of the
natural language 1input. An intent corresponds to an action to
be performed that 1s responsive to the natural language
iput. To perform IC processing, the NLU component 560
may communicate with a database of words linked to
intents. For example, a music intent database may link
words and phrases such as “quiet,” “volume off,” and
“mute” to a <Mute>1intent. The NLU component 560 1den-
tifies intents by comparing words and phrases in ASR output
data or text data to the words and phrases 1in an intents
database. In some embodiments, the NLU component 560
may communicate with multiple intents databases, with each
intents database corresponding to one or more intents asso-
ciated with a particular skall.

For example, IC processing of the natural language input
“play my workout playlist” may determine an intent of
<PlayMusic>. For further example, 1C processing of the
natural language iput “call mom” may determine an intent
of <Call>. In another example, 1C processing of the natural
language mmput “call mom using video” may determine an
intent of <VideoCall>. In vet another example, IC process-
ing of the natural language input “what 1s today’s weather”
may determine an intent ol <OutputWeather>.

The NLU component 560 may also perform named entity
recognition (NER) processing on the ASR output data or text
data to determine one or more portions, sometimes referred
to as slots, of the natural language input that may be needed
for post-NLU processing (e.g., processing performed by a
skill). For example, NER processing of the natural language
mput “play [song name]|” may determine an entity type of
“SongName” and an enftity value corresponding to the
indicated song name. For further example, NER processing
of the natural language mput “call mom”™ may determine an
entity type of “Recipient” and an entity value corresponding
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to “mom.” In another example, NER processing of the
natural language mput “what 1s today’s weather” may deter-
mine an entity type of “Date” and an entity value of “today.”

In at least some embodiments, the intents identifiable by
the NLU component 560 may be linked to one or more
grammar frameworks with entity types to be populated with
entity values. Fach entity type of a grammar framework
corresponds to a portion of ASR output data or text data that
the NLU component 5360 believes corresponds to an entity
value. For example, a grammar framework corresponding to
a <PlayMusic>ntent may correspond to sentence structures
such as “Play {Artist Name},” ‘“Play {Album Name}l,”
“Play {Song name},” “Play {Song name} by {Artist
Name},” etc.

For example, the NLU component 560 may perform NER
processing to 1identity words 1n ASR output data or text data
as subject, object, verb, preposition, etc. based on grammar
rules and/or models. Then, the NLU component 560 may
perform IC processing using the 1dentified verb to 1dentify
an intent. Thereatter, the NLU component 560 may again
perform NER processing to determine a grammar model
associated with the i1dentified intent. For example, a gram-
mar model for a <PlayMusic>intent may specity a list of
entity types applicable to play the identified “object” and
any object modifier (e.g., a prepositional phrase), such as
{Artist Name}, {Album Name}, {Song name!}, etc. The
NER processing may then involve searching corresponding
fields 1n a lexicon, attempting to match words and phrases 1n
the ASR output data that NER processing previously tagged
as a grammatical object or object modifier with those
identified 1n the lexicon.

NER processing may include semantic tagging, which 1s
the labeling of a word or combination of words according to
their type/semantic meamng. NER processing may include
parsing ASR output data or text data using heuristic gram-
mar rules, or a model may be constructed using techniques
such as hidden Markov models, maximum entropy models,
log linear models, conditional random fields (CRFs), and the
like. For example, NER processing with respect to a music
skill may include parsing and tagging ASR output data or
text data corresponding to “play mother’s little helper by the
rolling stones™ as {Verb}: “Play,” {Object}: “mother’s little
helper,” {Object Preposition}: “by,” and {Object Modifier}:
“the rolling stones.” The NER processing may identily
“Play” as a verb based on a word database associated with
the music skill, which IC processing determines corresponds
to a <PlayMusic>intent.

The NLU component 560 may generate NLU output data
including one or more NLU hypotheses, with each NLU
hypothesis mcluding an intent and optionally one or more
entity types and corresponding entity values. In some
embodiments, the NLU component 360 may perform IC
processing and NER processing with respect to different
skills. One skill may support the same or diflerent intents
than another skall. Thus, the NLU output data may include
multiple NLU hypotheses, with each NLU hypothesis cor-
responding to IC processing and NER processing performed
on the ASR output or text data with respect to a different
skall.

As described above, the system 120 may perform speech
processing using two diflerent components (e.g., the ASR
component 330 and the NLU component 560). In at least
some embodiments, the system 120 may implement a spo-
ken language understanding (SLU) component 540 config-
ured to process audio data 511 to determine NLU output
data.
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The SLU component 540 may be equivalent to a combi-
nation of the ASR component 550 and the NLU component
560. Yet, the SLU component 5340 may process audio data
511 and directly determine the NLU output data, without an
intermediate step of generating ASR output data. As such,
the SLU component 540 may take audio data 511 represent-
ing a spoken natural language mput and attempt to make a
semantic interpretation of the spoken natural language mput.
That 1s, the SLU component 340 may determine a meaning
associated with the spoken natural language mput and then
implement that meaning. For example, the SLU component
540 may interpret audio data 511 representing a spoken
natural language mput 1n order to derive a desired action.
The SLU component 340 may output a most likely NLU
hypothesis, or multiple NLU hypotheses associated with
respective confidence or other scores (such as probability
scores, etc.).

The system 120 may include a gesture detection compo-
nent (not 1llustrated in FIG. 5). The system 120 may receive
image data representing a gesture, the gesture detection
component may process the image data to determine a
gesture represented therein. The gesture detection compo-
nent may implement art-known/industry-known gesture
detection processes.

In embodiments where the system 120 receives non-
image data (e.g., text data) representing a gesture, the
orchestrator component 530 may be configured to determine
what downstream processing 1s to be performed in response
to the gesture.

In embodiments where the system 120 data representing,
a selected GUI element, the orchestrator component 530
may be configured to determine what downstream process-
ing 1s to be performed i1n response to the GUI eclement
selection.

The system 120 may include or otherwise communicate
with one or more skills 525. A “skill” may refer to software,
that may be placed on a machine or a virtual machine (e.g.,
software that may be launched m a virtual instance when
called), configured to process NLU output data and perform
one or more actions in response thereto. For example, for
NLU output data including a <PlayMusic>intent, an “artist™
entity type, and an artist name as an entity value, a music
skill may be called to output music sung by the indicated
artist. For further example, for NLU output data including a
<TurnOn>intent, a “device” enftity type, and an entity value
of “lights,” a smart home skill may be called to cause one or
more “smart” lights to operate in an “on” state. In another
example, for NLU output data including an
<OutputWeather>intent, a “location” entity type, and an
entity value corresponding to a geographic location of the
device 110, a weather skill may be called to output weather
information for the geographic location. For {further
example, for NLU output data including a
<BookRide>ntent, a taxi skill may be called to book a
requested ride. In another example, for NLU output data
including a <BuyPizza>intent, a restaurant skill may be
called to place an order for a pizza.

A skill 525 may operate 1n conjunction between the
system 120 and other devices, such as the device 110, a
restaurant electronic ordering system, a taxi electronic book-
ing system, etc. mn order to complete certain functions.
Inputs to a skill 525 may come from speech processing
interactions or through other interactions or input sources.

A skill 525 may be associated with a domain, a non-
limiting list of which includes a smart home domain, a music
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domain, a video domain, a weather domain, a communica-
tions domain, a flash briefing domain, a shopping domain,
and a custom domain.

The system 120 may include a TTS component 580 that
generates audio data including synthesized speech. The data
input to the TTS component 580 may come from a skill 525,
the orchestrator component 530, or another component of
the system 120.

In one method of synthesis called umit selection, the T'TS
component 580 matches input data against a database of
recorded speech. The TTS component 5380 selects matching,
units of recorded speech and concatenates the units together
to form audio data. In another method of synthesis called
parametric synthesis, the TTS component 380 varies param-
eters such as frequency, volume, and noise to determine
audio data including an artificial speech wavelorm. Para-
metric synthesis uses a computerized voice generator, some-
times called a vocoder.

The system 120 may include a user recognition compo-
nent 595. The user recognition component 595 may recog-
nize one or more users using various data. The user recog-
nition component 395 may take as iput the audio data 511.
The user recognition component 595 may perform user
recognition by comparing speech characteristics, i the
audio data 511, to stored speech characteristics of users. The
user recognition component 395 may additionally or alter-
natively perform user recognition by comparing biometric
data (e.g., fingerprint data, iris data, retina data, etc.),
received by the system 120 in correlation with a natural
language put, to stored biometric data of users. The user
recognition component 395 may additionally or alterna-
tively perform user recognition by comparing image data
(e.g., mncluding a representation of at least a feature of a
user), received by the system 120 in correlation with a
natural language input, with stored image data including
representations of features of diflerent users. The user rec-
ognition component 395 may perform other or additional
user recognition processes, mcluding those known in the art.
For a particular natural language input, the user recognition
component 595 may perform processing with respect to
stored data of users associated with the device 110 that
received the natural language input.

The user recognition component 595 determines whether
a natural language input originated from a particular user.
For example, the user recognition component 3595 may
determine a first value representing a likelihood that a
natural language input originated from a first user, a second
value representing a likelithood that the natural language
input originated from a second user, etc. The user recogni-
tion component 595 may also determine an overall confi-
dence regarding the accuracy of user recognition processing.

The user recognition component 5935 may output a single
user 1dentifier corresponding to the most likely user that
originated the natural language mput. Alternatively, the user
recognition component 595 may output multiple user 1den-
tifiers (e.g., 1n the form of an N-best list) with respective
values representing likelihoods of respective users originat-
ing the natural language mnput. The output of the user
recognition component 395 may be used to mform NLU
processing, processing performed by a skill 525, as well as
processing performed by other components of the system
120 and/or other systems.

The system 120 may include profile storage 570. The
profile storage 570 may include a variety of data related to
individual users, groups of users, devices, etc. that interact
with the system 120. As used herein, a “profile” refers to a
set of data associated with a user, group of users, device, eftc.
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The data of a profile may include preferences specific to the
user, group of users, device, etc.; mput and output capabili-
ties of one or more devices; mternet connectivity data; user
bibliographic data; subscription data; skill enablement data;
and/or other data.

The profile storage 570 may include one or more user
profiles. Each user profile may be associated with a diflerent
user 1dentifier. Each user profile may include various user
identifying data (e.g., name, gender, address, language(s),
etc.). Each user profile may also include preferences of the
user. Each user profile may include one or more device
identifiers, each representing a respective device registered
to the user. Each user profile may include skall identifiers of
skills 525 that the user has enabled. When a user enables a
skill 525, the user 1s providing the system 120 with permis-
sion to allow the skill 325 to execute with respect to the
user’s natural language mputs. If a user does not enable a
skill 525, the system 120 may not execute the skill 5235 with
respect to the user’s natural language inputs.

The profile storage 570 may include one or more group
profiles. Each group profile may be associated with a dif-
terent group 1dentifier. A group profile may be specific to a
group of users. That 1s, a group profile may be associated
with two or more individual user profiles. For example, a
group profile may be a household profile that 1s associated
with user profiles associated with multiple users of a single
household. A group profile may include preferences shared
by all the user profiles associated therewith. Each user
proflle associated with a group profile may additionally
include preferences specific to the user associated therewith.
That 1s, a user profile may include preferences unique from
one or more other user profiles associated with the same
group proiile. A user profile may be a stand-alone profile or
may be associated with a group profile. A group proifile may
be associated with (or include) one or more device profiles
corresponding to one or more devices associated with the
group profiile.

The profile storage 570 may include one or more device
profiles. Each device profile may be associated with a
different device identifier. A device profile may include
various device 1dentifying data, input/output characteristics,
networking characteristics, etc. A device profile may also
include one or more user 1dentifiers, corresponding to one or
more user profiles associated with the device profile. For
example, a household device’s profile may include the user
identifiers of users of the household.

The foregoing describes 1llustrative components and pro-
cessing of the system 120. The following describes 1llustra-
tive components and processing of the device 110. As
illustrated in FIG. 6, in at least some embodiments the
system 120 may receive the audio data 511 from the device
110, to recognize speech corresponding to a spoken natural
language 1n the received audio data 511, and to perform
functions 1n response to the recognized speech. In at least
some embodiments, these functions mvolve sending direc-
tives (e.g., commands), from the system 120 to the device
110 to cause the device 110 to perform an action, such as
output synthesized speech (responsive to the spoken natural
language nput) via a loudspeaker(s), and/or control one or
more secondary devices by sending control commands to the
one or more secondary devices.

Thus, when the device 110 1s able to communicate with
the system 120 over the network(s) 199, some or all of the
functions capable of being performed by the system 120
may be performed by sending one or more directives over
the network(s) 199 to the device 110, which, in turn, may
process the directive(s) and perform one or more corre-
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sponding actions. For example, the system 120, using a
remote directive that 1s included in response data (e.g., a
remote response), may instruct the device 110 to output
synthesized speech via a loudspeaker(s) of (or otherwise
associated with) the device 110, to output content (e.g.,
music) via the loudspeaker(s) of (or otherwise associated
with) the device 110, to display content on a display of (or
otherwise associated with) the device 110, and/or to send a
directive to a secondary device (e.g., a directive to turn on
a smart light). It will be appreciated that the system 120 may
be configured to provide other functions in addition to those
discussed herein, such as, without limitation, providing
step-by-step directions for navigating from an origin loca-
tion to a destination location, conducting an electronic
commerce transaction on behalf of the user 105 as part of a
shopping function, establishing a communication session
(e.g., an audio or video call) between the user 105 and
another user, and so on.

As noted with respect to FIG. 5, the device 110 may
include a wakeword detection component 520 configured to
used to detect a wakeword (e.g., “Alexa’) that indicates to
the device 110 that the audio data 511 is to be processed for
determining NLU output data. In at least some embodi-
ments, a hybrid selector 624, of the device 110, may send the
audio data 511 to the wakeword detection component 520.
I the wakeword detection component 520 detects a wake-
word 1n the audio data 511, the wakeword detection com-
ponent 520 may send an indication of such detection to the
hybrid selector 624. In response to recerving the indication,
the hybrid selector 624 may send the audio data 511 to the
system 120 and/or an ASR component 650. The wakeword
detection component 520 may also send an 1indication, to the
hybrid selector 624, representing a wakeword was not
detected. In response to receiving such an indication, the
hybrid selector 624 may refrain from sending the audio data
511 to the system 120, and may prevent the ASR component
650 from processing the audio data 511. In this situation, the
audio data 511 can be discarded.

The device 110 may conduct its own speech processing
using on-device language processing components (such as a
SL.U component 640, an ASR component 650, and/or a NLU
component 660) similar to the manner discussed above with
respect to the SLU component 540, ASR component 550,
and NLU component 560. The device 110 may also inter-
nally include, or otherwise have access to, other components
such as one or more skills 625, a user recognition component
695 (configured to process 1n a similar manner to the user
recognition component 395 implemented by the system
120), a TTS component 680 (configured to process in a
similar manner to the TTS component 580 implemented by
the system 120), profile storage 670 (configured to store
similar profile data to the profile storage 570 implemented
by the system), a gesture detection component (similar to
that of the system 120 described above), the user feedback
component 125, the labeled data request component 130, the
defect component 140, the signals storage 135, the worktlow
orchestrator component 145, the label generator(s) 150, the
manual annotation component 160, the labeled data storage
155, and/or other components. In at least some embodi-
ments, the profile storage 670 may only store profile data for
a user or group of users specifically associated with the
device 110.

In at least some embodiments, the on-device language
processing components may not have the same capabilities
as the language processing components implemented by the
system 120. For example, the on-device language processing
components may be configured to handle only a subset of the
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natural language 1inputs that may be handled by the system-
implemented language processing components. For
example, such subset of natural language inputs may cor-
respond to local-type natural language nputs, such as those
controlling devices or components associated with a user’s
home. In such circumstances the on-device language pro-
cessing components may be able to more quickly interpret
and respond to a local-type natural language input, for
example, than processing that involves the system 120. If the
device 110 attempts to process a natural language input for
which the on-device language processing components are
not necessarily best suited, the NLU output data, determined
by the on-device components, may have a low confidence or
other metric indicating that the processing by the on-device
language processing components may not be as accurate as
the processing done by the system 120.

The hybnd selector 624, of the device 110, may include
a hybrid proxy (HP) 626 configured to proxy traflic to/from
the system 120. For example, the HP 626 may be configured

to send messages to/from a hybrid execution controller
(HEC) 627 of the hybnid selector 624. For example, com-

mand/directive data received from the system 120 can be
sent to the HEC 627 using the HP 626. The HP 626 may also
be configured to allow the audio data 511 to pass to the

system 120 while also receiwving (e.g., intercepting) this
audio data 511 and sending the audio data 511 to the HEC

627.

In at least some embodiments, the hybrid selector 624
may further include a local request orchestrator (LRO) 628
configured to notity the ASR component 650 about the
availability of the audio data 511, and to otherwise 1nitiate
the operations of on-device language processing when the
audio data 511 becomes available. In general, the hybnd
selector 624 may control execution of on-device language
processing, such as by sending “execute” and “‘terminate”
events/mstructions. An “execute’” event may instruct a com-
ponent to confinue any suspended execution (e.g., by
instructing the component to execute on a previously-deter-
mined intent in order to determine a directive). Meanwhile,
a “terminate” event may struct a component to terminate
further execution, such as when the device 110 receives
directive data from the system 120 and chooses to use that
remotely-determined directive data.

Thus, when the audio data 511 1s received, the HP 626
may allow the audio data 511 to pass through to the system
120 and the HP 626 may also input the audio data 511 to the
ASR component 650 by routing the audio data 511 through
the HEC 627 of the hybrid selector 624, whereby the LRO
628 notifies the ASR component 650 of the audio data 511.
At this point, the hybrid selector 624 may wait for response
data from either or both the system 120 and/or the on-device
language processing components. However, the disclosure 1s
not limited thereto, and 1n some examples the hybrid selector
624 may send the audio data 511 only to the ASR component
650 without departing from the disclosure. For example, the
device 110 may process the audio data 511 on-device
without sending the audio data 511 to the system 120.

The ASR component 650 1s configured to receive the
audio data 511 from the hybrid selector 624, and to recog-
nize speech i the audio data 511, and the NLU component
660 1s configured to determine an intent from the recognized
speech (an optionally one or more named entities), and to
determine how to act on the intent by generating NL U output
data that may include directive data (e.g., instructing a
component to perform an action). In some cases, a directive
may include a description of the intent (e.g., an itent to turn
off {device A}). In some cases, a directive may include (e.g.,
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encode) an 1dentifier of a second device(s), such as kitchen
lights, and an operation to be performed at the second
device(s). Directive data may be formatted using Java, such
as JavaScript syntax, or JavaScript-based syntax. This may
include formatting the directive using JSON. In at least some
embodiments, a device-determined directive may be serial-
1zed, much like how remotely-determined directives may be
serialized for transmission 1n data packets over the
network(s) 199. In at least some embodiments, a device-
determined directive may be formatted as a programmatic
application programming interface (API) call with a same
logical operation as a remotely-determined directive. In
other words, a device-determined directive may mimic a
remotely-determined directive by using a same, or a similar,
format as the remotely-determined directive.

A NLU hypothesis (output by the NLU component 660)
may be selected as usable to respond to a natural language
iput, and local response data may be sent (e.g., local NLU
output data, local knowledge base information, internet
search results, and/or local directive data) to the hybnd
selector 624, such as a “ReadyToExecute” response. The
hybrid selector 624 may then determine whether to use
directive data from the on-device components to respond to
the natural language iput, to use directive data recerved
from the system 120, assuming a remote response 1S even
received (e.g., when the device 110 1s able to access the
system 120 over the network(s) 199), or to determine output
data requesting additional information from the user 103.

The device 110 and/or the system 120 may associate a
unique 1dentifier with each natural language mnput. The
device 110 may include the unique identifier when sending
the audio data 511 to the system 120, and the response data
from the system 120 may include the unique identifier to
identily to which natural language input the response data
corresponds.

In at least some embodiments, the device 110 may include
one or more skills 625 that may process similarly to the

system-implemented skill(s) 525. The skill(s) 6235 installed

on (or in communication with) the device 110 may include,
without limitation, a smart home skill and/or a device

control skill configured to control a second device(s), a
music skill configured to output music, a navigation skaill
configured to output directions, a shopping skill configured
to conduct an electronic purchase, and/or the like.

FIG. 7 1s a block diagram conceptually illustrating a
device 110 that may be used with the system 120. FIG. 8 1s
a block diagram conceptually illustrating example compo-
nents of a remote device, such as the system 120 or a skill
525/625. A system (120/525/625) may include one or more
servers. A “server” as used herein may refer to a traditional
server as understood 1n a server/client computing structure
but may also refer to a number of different computing
components that may assist with the operations discussed
herein. For example, a server may include one or more
physical computing components (such as a rack server) that
are connected to other devices/components either physically
and/or over a network and 1s capable of performing com-
puting operations. A server may also include one or more
virtual machines that emulates a computer system and is run
on one or across multiple devices. A server may also include
other combinations of hardware, software, firmware, or the
like to perform operations discussed herein. The system
(120/525/625) may be configured to operate using one or
more of a client-server model, a computer bureau model,
orid computing techniques, fog computing techniques,
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mainirame techniques, utility computing techniques, a peer-
to-peer model, sandbox techniques, or other computing
techniques.

Multiple systems (120/525/625) may be included 1in the
system 100 of the present disclosure, such as one or more
systems 120 and/or one or more skills 425. In operation,
cach of these systems may include computer-readable and

computer-executable instructions that reside on the respec-
tive device (120/525/625), as will be discussed further

below.

Each of these devices (110/120/525/625) may include one
or more controllers/processors (704/804), which may each
include a central processing unit (CPU) for processing data
and computer-readable instructions, and a memory (706/
806) for storing data and instructions of the respective
device. The memories (706/806) may individually include
volatile random access memory (RAM), non-volatile read
only memory (ROM), non-volatile magnetoresistive
memory (MRAM), and/or other types of memory. Each
device (110/120/525/625) may also include a data storage
component (708/808) for storing data and controller/proces-
sor-executable instructions. Fach data storage component
(708/808) may individually include one or more non-volatile
storage types such as magnetic storage, optical storage,
solid-state storage, etc. Each device (110/120/525/625) may
also be connected to removable or external non-volatile
memory and/or storage (such as a removable memory card,
memory key drive, networked storage, etc.) through respec-
tive mput/output device intertaces (702/802).

Computer instructions for operating each device (110/
120/525/625) and 1ts various components may be executed
by the respective device’s controller(s)/processor(s) (704/
804), using the memory (706/806) as temporary “working”
storage at runtime. A device’s computer instructions may be
stored 1n a non-transitory manner 1n non-volatile memory
(706/806), storage (708/808), or an external device(s). Alter-
natively, some or all of the executable instructions may be
embedded 1n hardware or firmware on the respective device
in addition to or instead of software.

Each device (110/120/525/625) includes input/output
device interfaces (702/802). A variety of components may
be connected through the input/output device interfaces

(702/802), as will be discussed further below. Additionally,
cach device (110/120/525/625) may include an address/data
bus (724/824) for conveying data among components of the
respective device. Each component within a device (110/
120/525/625) may also be directly connected to other com-
ponents 1n addition to (or instead of) being connected to
other components across the bus (724/824).

Referring to FIG. 7, the device 110 may include input/
output device interfaces 702 that connect to a variety of
components such as an audio output component such as a
speaker 712, a wired headset or a wireless headset (not
illustrated), or other component capable of outputting audio.
The device 110 may also include an audio capture compo-
nent. The audio capture component may be, for example, a
microphone 720 or array of microphones, a wired headset or
a wireless headset (not illustrated), etc. If an array of
microphones 1s included, approximate distance to a sound’s
point of origin may be determined by acoustic localization
based on time and amplitude differences between sounds
captured by different microphones of the array. The device
110 may additionally include a display 716 for displaying
content. The device 110 may further include a camera 718.

Via antenna(s) 714, the input/output device interfaces 702
may connect to one or more networks 199 via a wireless

local area network (WLAN) (such as Wi-F1) radio, Blu-
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etooth, and/or wireless network radio, such as a radio
capable of communication with a wireless communication
network such as a Long Term Evolution (LTE) network,
WiIMAX network, 3G network, 4G network, 5G network,
etc. A wired connection such as Ethernet may also be
supported. Through the network(s) 199, the system may be
distributed across a networked environment. The I/O device
interface (702/802) may also include communication com-
ponents that allow data to be exchanged between devices
such as different physical servers 1n a collection of servers
or other components.

The components of the device 110, the system 120, the
skill 425, and/or the skill 525/625 may include their own
dedicated processors, memory, and/or storage. Alternatively,

one or more of the components of the device 110, the system
120, and/or the skill 525/625 may utilize the I/O interfaces

(702/802), processor(s) (704/804), memory (706/806), and/
or storage (708/808) of the device 110, the system 120, or
the skill 525/625, respectively. Thus, the ASR component
550/650 may have its own I/O 1interface(s), processor(s),
memory, and/or storage; the NLU component 560/660 may
have 1ts own I/O 1nterface(s), processor(s), memory, and/or
storage; and so forth for the various components discussed
herein.

As noted above, multiple devices may be employed 1n a
smgle system. In such a multi-device system, each of the
devices may include different components for performing
different aspects of the system’s processing. The multiple
devices may include overlapping components. The compo-
nents ol the device 110, the system 120, and the skill
525/625, as described herein, are illustrative, and may be
located as a stand-alone device or may be included, 1n whole
or 1n part, as a component of a larger device or system.

As 1llustrated 1n FIG. 9, multiple devices (110a-1107, 120,
525/625) may contain components of the system and the
devices may be connected over a network(s) 199. The
network(s) 199 may include a local or private network or
may include a wide network such as the Internet. Devices
may be connected to the network(s) 199 through either
wired or wireless connections. For example, a speech-
controllable device 1104, a smart phone 1105, a smart watch
110c¢, a tablet computer 1104, a vehicle 110e, a speech-
controllable display device 110/, a smart television 110g, a
washer/dryer 1104, a refrigerator 1107, and/or a microwave
110; may be connected to the network(s) 199 through a
wireless service provider, over a Wi-Fi1 or cellular network
connection, or the like. Other devices are included as
network-connected support devices, such as the system 120,
the skill 525/625, and/or others. The support devices may
connect to the network(s) 199 through a wired connection or
wireless connection.

The concepts disclosed herein may be applied within a
number of different devices and computer systems, 1nclud-
ing, for example, general-purpose computing systems,
speech processing systems, and distributed computing envi-
ronments.

The above aspects of the present disclosure are meant to
be 1llustrative. They were chosen to explam the principles
and application of the disclosure and are not intended to be
exhaustive or to limit the disclosure. Many modifications
and variations of the disclosed aspects may be apparent to
those of skill in the art. Persons having ordinary skill in the
field of computers and speech processing should recognize
that components and process steps described herein may be
interchangeable with other components or steps, or combi-
nations of components or steps, and still achieve the benefits
and advantages of the present disclosure. Moreover, it
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should be apparent to one skilled 1n the art, that the disclo-
sure may be practiced without some or all of the specific
details and steps disclosed herein.

Aspects of the disclosed system may be implemented as
a computer method or as an article of manufacture such as
a memory device or non-transitory computer readable stor-
age medium. The computer readable storage medium may
be readable by a computer and may comprise nstructions
for causing a computer or other device to perform processes
described in the present disclosure. The computer readable
storage medium may be implemented by a volatile computer
memory, non-volatile computer memory, hard drive, solid-
state memory, tlash drive, removable disk, and/or other
media. In addition, components of system may be imple-
mented as 1in firmware or hardware, such as an acoustic front
end (AFE), which comprises, among other things, analog
and/or digital filters (e.g., filters configured as firmware to a
digital signal processor (DSP)).

Conditional language used herein, such as, among others,
can,” “could,” “might,” “may,” “e.g.,” and the like, unless
specifically stated otherwise, or otherwise understood within
the context as used, 1s generally intended to convey that
certain embodiments include, while other embodiments do
not include, certain features, elements and/or steps. Thus,
such conditional language 1s not generally intended to imply
that features, elements, and/or steps are 1n any way required
for one or more embodiments or that one or more embodi-
ments necessarily include logic for deciding, with or without
other input or prompting, whether these features, elements,
and/or steps are included or are to be performed in any
particular embodiment. The terms “comprising,” “includ-
ing,” “having,” and the like are synonymous and are used
inclusively, 1 an open-ended fashion, and do not exclude
additional elements, features, acts, operations, and so forth.
Also, the term “or” 1s used 1n its inclusive sense (and not 1n
its exclusive sense) so that when used, for example, to
connect a list of elements, the term “or” means one, some,
or all of the elements 1n the list.

Disjunctive language such as the phrase “at least one of X,
Y, Z.,” unless specifically stated otherwise, 1s understood
with the context as used in general to present that an 1tem,
term, etc., may be etther X, Y, or Z, or any combination
thereof (e.g., X, Y, and/or 7). Thus, such disjunctive lan-
guage 1s not generally intended to, and should not, imply that
certain embodiments require at least one of X, at least one
ol Y, or at least one of Z to each be present.

As used 1n this disclosure, the term “a” or “one” may
include one or more 1tems unless specifically stated other-
wise. Further, the phrase “based on” 1s intended to mean
“based at least in part on” unless specifically stated other-

wise.

&6

What 1s claimed 1s:

1. A computer-implemented method comprising:

recerving lirst data requesting labeled data for updating an
automatic speech recognition (ASR) model;

determiming the first data includes a prompt for requesting,
user feedback relating to processing performed by the
ASR model:;

causing a device to output the prompt to request first user
feedback with respect to processing of a spoken natural
language input by the ASR model;

recerving, from the device, first user feedback data rep-
resenting a first frustration with respect to processing of
the spoken natural language input by the ASR model;

determining, based on the first frustration, that processing,
of the spoken natural language input by the ASR model
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resulted 1n incorrect output data being presented 1n
response to the spoken natural language 1nput;

determining an ASR hypothesis generated by the ASR
model for the spoken natural language nput;

selecting, from a plurality of ML models configured to
generate labeled data, a first ML model configured to
perform a first labeling worktlow relating to an ASR
task performable by the ASR model; and

generating, using the first ML model, first labeled data
usable to update the ASR model, the first ML model
generating the first labeled data using the first user
feedback data and the ASR hypothesis.

2. The computer-implemented method of claim 1, further
comprising;

selecting, from the plurality of ML models, a second ML
model configured to perform a second labeling work-
flow relating to the ASR task, the second labeling
workilow being diflerent than the first labeling work-
flow, an output of the second labeling workilow cor-
responding to an mput of the first labeling workflow;

processing, using the second ML model, the first user
feedback data to generate second labeled data; and

processing, using the first ML model, the ASR hypothesis,
the first user feedback data, and the second labeled data
to generate the first labeled data.

3. The computer-implemented method of claim 1, further

comprising:

determining, by the first ML model, second labeled data
usable to update the ASR model, the first ML model
generating the second labeled data using second user
feedback data;

determining, by the first ML model, a value representing,
the second labeled data corresponds to a ground truth
for updating the first ML model; and

determining, based on the value, that the second labeled
data 1s to be deleted and manual annotation 1s to be used
to generate third labeled data based on the second user

teedback data, the third labeled data being usable to
update the ASR model.

4. The computer-implemented method of claim 1,
wherein the first data further includes a duration of time that
user feedback 1s to be requested using the prompt, and the
computer-implemented method further comprises:

determining the duration of time has elapsed; and

generating the first labeled data using the first ML model
alter determining the duration of time has elapsed.

5. A computer-implemented method comprising:

receiving lirst data requesting labeled data for updating a

first machine learning (ML) model, the first data
including a prompt for requesting user feedback relat-
ing to processing of the first ML model;

causing a device to output the prompt to request first user

teedback with respect to processing of a user input by
first ML model;

receiving, from the device, first user feedback data cor-

responding to the first user feedback;
determining, based at least in part on the first user
feedback data, that processing of the user input by the
first MLL model resulted in 1ncorrect output data being
presented 1n response to the user input; and

generating, using a second ML model, first labeled data
usable to update the first ML model, the second ML
model generating the first labeled data based at least in
part on the first user feedback data.

6. The computer-implemented method of claim 5, further
comprising;
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determiming second data 1s to be used to perform training

with respect to a ML task;

determining an absence of a third ML model configured

to label data for the ML task; and

determiming the second data 1s to undergo manual anno-

tation based at least in part on determining the absence
of the third ML model.

7. The computer-implemented method of claim 5, turther
comprising;

processing, using a third ML model, the first user feed-

back data to generate second labeled data; and
processing, using the second ML model, the second
labeled data to generate the first labeled data.

8. The computer-implemented method of claim 5,
wherein the first data indicates a ML task performable by the
first ML model, and the computer-implemented method
further comprises:

storing, based at least 1n part on the first user feedback

data being received 1n response to the prompt included
in the first data, an association between the first user
feedback data and the ML task: and

determining, based at least 1n part on the association, that

processing ol the user mput by the first ML model
resulted in the incorrect output data being presented.

9. The computer-implemented method of claim 5,
wherein the first data indicates a ML task performable by the
first ML model, and the computer-implemented method
further comprises:

determining, by the second ML model, a value represent-

ing the first labeled data corresponds to a ground truth
for updating the first ML model; and

storing, based at least 1n part on the value, the first labeled

data for use 1n updating the first ML model.
10. The computer-implemented method of claim 5, fur-
ther comprising:
determining, by the second ML model, second labeled
data usable to update the first ML model, the second
ML model generating the second labeled data based at
least 1n part on second user feedback data;

determining, by the second ML model, a value represent-
ing the second labeled data corresponds to a ground
truth for updating the first ML model; and

determining, based at least in part on the value, that
manual annotation 1s to be used to generate the second
labeled data based at least 1n part on the second user
teedback data.
11. The computer-implemented method of claim 5, further
comprising:
recerving second data requesting labeled data for updating
a third ML model configured to perform a ML task;

determining, 1n storage, second labeled data correspond-
ing to the ML task, the second labeled data being
previously generated by a fourth ML model 1n response
to a previous request for labeled data corresponding to
the ML task; and

outputting the second labeled data.

12. The computer-implemented method of claim 3,
wherein the first data further includes a duration of time that
user feedback 1s to be requested using the prompt, and the
computer-implemented method further comprises:

determining the duration of time has elapsed; and

generating the first labeled data using the second ML
model after determining the duration of time has
clapsed.
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13. A computing system comprising:

at least one processor; and

at least one memory comprising instructions that, when
executed by the at least one processor, cause the
computing system to:

receive first data requesting labeled data for updating a
first machine learning (ML) model, the first data
including a prompt for requesting user feedback relat-
ing to processing of the first ML model;

cause a device to output the prompt to request first user

feedback with respect to processing ol a user input by
first ML model;

receive, from the device, first user feedback data corre-

sponding to the first user feedback;

determine, based at least 1n part on the first user feedback

data, that processing of the user input by the first ML
model resulted 1n 1ncorrect output data being presented
in response to the user iput; and

generate, using a second ML model, first labeled data

usable to update the first ML model, the second ML
model generating the first labeled data based at least 1n
part on the first user feedback data.

14. The computing system of claim 13, wherein the at
least one memory further comprises instructions that, when
executed by the at least one processor, further cause the
computing system to:

determine second data 1s to be used to perform traiming

with respect to a ML task;

determine an absence of a third ML model configured to

label data for the ML task; and

determine the second data 1s to undergo manual annota-

tion based at least 1n part on determining the absence of
the third ML model.

15. The computing system of claam 13, wherein the at
least one memory further comprises instructions that, when
executed by the at least one processor, further cause the
computing system to:

process, using a third ML model, the first user feedback

data to generate second labeled data; and

process, using the second ML model, the second labeled

data to generate the first labeled data.

16. The computing system of claim 13, wherein the first
data indicates a ML task performable by the first ML model,
and wherein the at least one memory further comprises
instructions that, when executed by the at least one proces-
sor, further cause the computing system to:

store, based at least in part on the first user feedback data

being received 1n response to the prompt included 1n

the first data, an association between the first user
feedback data and the ML task; and
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determine, based at least in part on the association, that
processing ol the user mput by the first ML model
resulted in the incorrect output data being presented.

17. The computing system of claim 13, wherein the first
data indicates a ML task performable by the first ML model,
and wherein the at least one memory further comprises
instructions that, when executed by the at least one proces-
sor, further cause the computing system to:

determine, by the second ML model, a value representing,

the first labeled data corresponds to a ground truth for
updating the first ML model; and

store, based at least 1n part on the value, the first labeled

data for use 1n updating the first ML model.

18. The computing system of claim 13, wherein the at
least one memory further comprises instructions that, when
executed by the at least one processor, further cause the
computing system to:

determine, by the second ML model, second labeled data

usable to update the first ML model, the second ML
model generating the second labeled data based at least
in part on second user feedback data;

determine, by the second ML model, a value representing,

the second labeled data corresponds to a ground truth
for updating the first ML model; and

determine, based at least in part on the value, that manual

annotation 1s to be used to generate the second labeled
data based at least 1n part on the second user feedback
data.
19. The computing system of claim 13, wherein the at
least one memory further comprises instructions that, when
executed by the at least one processor, further cause the
computing system to:
recerve second data requesting labeled data for updating
a third ML model configured to perform a ML task;

determine, in storage, second labeled data corresponding
to the ML task, the second labeled data being previ-
ously generated by a fourth ML model 1in response to a
previous request for labeled data corresponding to the
ML task; and

output the second labeled data.

20. The computing system of claim 13, wherein the first
data further includes a duration of time that user feedback is
to be requested using the prompt, and wherein the at least
one memory Ilurther comprises instructions that, when
executed by the at least one processor, further cause the
computing system to:

determine the duration of time has elapsed; and

generate the first labeled data using the second ML model

after determining the duration of time has elapsed.
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